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Supporting Information Text
Model formulation and analysis

Infection dynamics. We formulate an age-structured SI model in terms of susceptible, S(¢,a), and infected, I(¢,a), individuals
as also studied in (1). The key features that set our model apart from other age-structured SI models, such as models with
multiple classes of susceptible and infected individuals (1) or accounting for superinfection (2), are (¢) that during their lifetime
individuals build up a (variable) level of protection against infection depending on their infection history and (i) that the
infection dynamics and build-up of protection of host individuals not only lead to changes in the prevalence of the pathogen,
but also to changes in pathogen diversity through the generation of new antigen-encoding genes. This interaction translates into
a positive feedback mechanism, in which an increase in pathogen diversity leads to a decrease in built-up protection in hosts
and consequently higher infection rates that increase pathogen diversity further. More generally, our model links dynamics
within the infected host individual explicitly to changes in prevalence as well as characteristics of the pathogen.

Both susceptible and infected individuals are assumed to experience a constant mortality rate u, but also to die instantaneously
on reaching their maximum lifespan, equal to A,,. Susceptible and infected individuals produce (exclusively susceptible)
offspring at a rate p/ (1 — exp (—pAm)), which ensures that the total population size N is constant. The stable population
age-distribution is hence given by:

I

e N e (-na) s1]

n(a) =

The constant population size allows the model to be expressed in terms of the fraction of susceptible individuals at age a:

_ S(t,a) _ S(t,a)
) = SEaTita © n@

Assuming that susceptible individuals get infected at a rate A(t), whereas infected individuals recover from infection at a
rate 7(t), the dynamics of the fraction of susceptible individuals s(¢, a) is described by the following partial differential equation
(PDE):

0s(t,a) 9s(t,a) - —s(t.a)) — s(t,a
o T e = T() (1= s(t,a)) — A1) s(ta) [52]

s(t,0) =1

We assume the infection process to be frequency- rather than density-dependent, reflecting that a random individual is drawn
from the population (i.e. from the stable population age-distribution) as the donor and that infection may occur if this donor
host is infected. We furthermore assume that migration of infected hosts from outside the population considered increases the
force of infection by an amount A;/N, such that the force of infection A(t) is given by:

A1

Mb) = kom/{) T st a) e dat A [S3]

In the context of malaria, we focus on the antigenic diversity of the pathogen from a multigene family as the key determinant
of its epidemiological parameters. More specifically, we assume that hosts receive infectious mosquito bites at a rate that is
independent of their age and infection status and that every time an infectious bite takes place, a package of L genes encoding
for different variant surface antigens is transferred. As a shorthand, these variants will be referred to hereafter as ‘genes’. The
L genes transferred are assumed to be randomly sampled from a pool of available genes in the pathogen population, the total
size of which we indicate with D. The expected number of unique genes delivered in a biting event then follows a recurrence

relation:
D—-Yr_1

D

in which Yz _1 refers to the number of unique items chosen after L — 1 picks from a pool that consists of D different items and

E(YL|Yi—1) =Yr1 + (S4]

(D—-Yr-1)/D [S5]

equals the probability to pick a new, unique item in the next pick. Given that Yy, = 0 the expected number of different items
after L picks E (Y1) is given by:
0 if L=0
E(Yr) = (D

-1
1+ T)E (Yr—1) otherwise

For every L > 0, the expected number G of unique genes delivered per infection event is then related to the package size L
following:

[S6]

D-1
1—-=_~—
D

G = E(YL)=1_(DD_1)L:D<1 <D_1>L>
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We assume that the protection of a particular host against infection is related to its infection history, i.e. to the number of
genes (or more specifically to the products of these genes) that it has been exposed to from previous infections. Let P(t,a)
indicate this cumulative number of genes that a host has encountered up to age a. As it is impossible to keep track precisely of
which pathogen genes have already been encountered by a particular host, we assume complete homogenization with hosts
building up a memory of the number, but not the identity of the genes encountered, while at every infectious biting event a
host receives a package of G randomly drawn genes from the pathogen gene pool. As a host at age a has already encountered a
fraction p(t,a) = P(t,a)/D of the entire gene pool, the probability that a host has already encountered all the genes that are
transferred in the infectious bite can be approximated by p(t, a)®. If a host has previously encountered all the genes, it is
assumed that the infection is unsuccessful. The probability of actually becoming infected following an infectious bite therefore
equals 1 — p(t,a), such that the rate at which successful infections occur is given by:

(1=p(t,0)%) At) [57]

The dynamics of P(t,a) can be derived by considering the expected number of new genes delivered in a biting event. The
number of new genes delivered follows a binomial distribution with probability 1 — p(t, a), such that the expected number of

new genes delivered is given by:
i=G
(G i —i
i () (1= p(t, @) p(t,a) "
i=0

This mean number of genes delivered has to be conditioned, however, on the probability that a biting event leads to a successful

infection:
i=G

> <G> (1= p(t,0))' p(t,a) "

=0

G- plta)
1—p(t,a)¢ 1—p(t,a)¢

Given that the rate at which successful infections occur equals (1 —p(t, a)G) A(t), the rate of delivery of new genes equals:
G (1 =p(t,a)) A?)
The dynamics of P(t,a) is hence described by the following PDE:

OP(t,a) n OP(t,a)
da da

= G(1 —p(t,a))A(t) — dP(t,a) [S8]

In this equation § represents a rate at which genes are lost from the pool so that the memory of these genes is no longer relevant.
We will discuss this loss in more detail when modelling the dynamic changes in the diversity D of the gene pool (see below).

We assume that all host individuals accumulate new pathogen types at the same rate, irrespective of their infection status,
that is, irrespective of whether they are susceptible or infected. Infected individuals can therefore become super-infected. We
adopt a superinfection model (3) to describe the recovery rate from the infected into the susceptible class. Dietz et al. (3)
provide the following equation for the rate of recovery of infected individuals:

h

R(h) = exp(h/r) —1

in which h equals the force of infection, that is the rate at which new, successful infections occur, while r equals the rate at
which a single infection is cleared. According to this model the equilibrium number of inoculations present at any time is a
Poisson random variable with mean h/r. As argued above, the rate at which new, successful infections occur is given by:

h = (1—p(t,a)%) A\t)

The duration of each single infection will be assumed to decrease with the number of genes that the host has already encountered
before and therefore be proportional to G (1 — p(¢, a)) with proportionality constant c¢g (the duration of infection corresponding
to the expression of a single gene). Hence, the rate of recovery from an infection equals:

B 1
G (1-p(t,a))

yielding the following expression for the rate of recovery from the infected status:

(1-p(t,0)) A®)
7(t) = R(A(t),p(t,a)) = S
(B) = BA®), p(t, 0)) exp (coG (1 —p(t,a)) (1 —p(t, a)G) /\(t)) -1 159
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Taken together this leads to the following system of equations describing the infection dynamics in our model:

88(5; CL) + 83(;(;&) — R()\(t),p(t, a)) (1 - s(t7a)) _ (1 —p(t,a)G) )\(t)s(t, a)
s(t,0) = 1
8P§i’ 2 4 8P8(Z “) _ G(1—p(t,a) A(t) — 6P(t,a)
P(t,0) =0

= = . —s(t,a)) e *“da ﬁ
At) = ko —op (AL /0 (1—s(t,a)) da + 5 -
p(t,a) = P(lt),a)
G=D (1— (Dgl)L>

_ (1-p) A

R(\,p) = exp (COG(l —p) (1 _pG) )\) 1

Note that the state of an individual in our model is determined by its age a and the number of pathogen genes P it has
encountered since its birth. The relationship between individual age and the number of pathogen genes encountered is however
not constant, but varies dynamically with the individual’s history of exposure, when the force of infection changes over time.
The quantity P is therefore an independent variable characterizing the state of an individual. This is similar to models where
individuals are classified as a function of age and size, whereby one could express the size of an individual as a (time-varying)
function of its age. Technically, the individual state space is hence 2-dimensional and we could have written the model in terms
of a PDE for a density function s(¢, a, P) over the state space spanned by the individual age and the number of pathogens the
individual has encountered. However, the unique state at birth (a = 0, P = 0) implies that the support of this density function
is only 1-dimensional, but that this support varies dynamically with the force of infection and the history of exposure. Because
of this (dynamically changing) one-dimensional support it is more appropriate to formulate the model in terms of two separate
PDEs, one for P(t,a) (capturing the dynamics of the 1-dimensional support) and one for s(t,a) (the fraction of susceptibles
along the 1-dimensional support), rather than a single PDE for s(¢, a, P) (see ref. (4), for more details).

Diversity dynamics. We assume that pathogen diversity increases as a consequence of the recombination of pathogen genes
within infected hosts. More specifically, we assume that the diversity of the antigen-encoding genes increases at a rate
proportional to the total number of infections, Eiot(t), in the host population as well as to the number of different gene pairs
that each parasite harbors. Given that a parasite harbors G different genes, the expected number of different gene pairs equals
G(G —1)/2. Following the superinfection model of Dietz et al. (3) the average number of infections in infected hosts of age a,
indicated with E(XA(t),p(t, a)), is given by:

B h/r B coG (1= p(t,a)) (1—p(t,a)) A1)
EQ@®.pt @) = 7=y T 1— exp (—coG (1 — plt, @) (1 — p(t, a)%) A(1))

The total number of infections in the entire population (counting both single and multiple infections) is hence given by the
integral:

Am
Eron(t) AT / B0, p(t,a)) (1 s(t, a)) ¢ da

1o exp(—pAm

The rate at which new genes emerge is hence given by:

G(G 1) _
QTEtOt(t) =

G(G-1) uN
2 1 —exp(—pAn

3 /0 E (\(t),p(t,a)) (1 —s(t,a)) e **da

where « represents the recombination rate per gene per year per infection.
A new gene will, however, only get established in the parasite gene pool if it survives the initial stochastic phase when its
frequency is still low, the probability of which is determined by its selection coefficient and the total number of infections:

1—e5®

Cino(t) = T Fmws®
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in which S(t) is the selection differential of a new gene, defined as:

W?ewilz(1_ﬁ(t))(G_1)+171: ﬁ(t)

w (1-p(t)G (1-p(t)G
In the expression for S(t), Whew represents the fitness of a parasite genome containing this novel gene, while W is the average
fitness of parasite genomes composed of existing genes, which is determined by p(t), the average fraction of the genes that has

been seen by the host population:

S(t) =

Am

_ 12 —pa

pt)= ——F— p(t,a)e da
=1 exp(—pAm) /0 (t.a)

Thus, the selection differential S(¢) calculates the mean advantage of a parasite genome with a single, novel gene out of the
package of G genes compared to other parasite genomes with G genes from the existing pool (5).

The rate at which new genes are generated and become frequent in the entire population (counting both single and multiple
infections) is hence given by:

G(G —1)
2

Eiot (t) = aG(GQ_ 1) Diny (t)

uN
1 —exp(—puAm

Am

a®iny (t) j / E(\(®),p(t,a)) (1 —s(t,a)) e " da

0
Parasite diversity can also increase through immigration of infected individuals, which occurs at a rate A; (see Eq. (S3)), if
these individuals carry new genes. We assume that these immigrating, infected hosts introduce new genes into the gene pool at
a rate PrLAr, where the parameter Pr accounts for the probability that a gene of the immigrating individual is not part of the
gene pool already as well as the probability that this new gene gets established in the gene pool. Finally, we assume genes
to disappear from the gene pool at a constant turn-over rate § due to stochastic loss. This turn-over rate also occurs in the
PDE (S8) as the number of genes out of the current gene pool seen by an individual of age a at time ¢ also is prone to this
turn-over rate.

Summarizing, the dynamics of the parasite diversity D is given by the following system of equations:

oG (1 —p(t,a)) (1 —p(t, a)G) A(t)
E(\p) =
W) = T (CeoG (1= p(ta)) (1 — p(t,0)%) (1))
B = — N [ () (- s(t.a)) et da
tot — 1 — eXp(—,UAm) o 7P ) I
M Am —
M= iy [, A0 s11
_ p)
S0 =0
1—e %M
Cino(t) = T —Frm s
%[t) = a@i,w(t)@b?tot(t) — 0D + PiAL

The complete model for the interplay and feedback between the epidemiological spread of the parasite in the host population
and the diversity of the pathogen itself is therefore given by the two systems of equations (S10) and (S11).

Computing equilibrium states. Let 5(a), P(a), X and D refer to the equilibrium values of the dynamic variables s(t,a), P(t,a),
A(t) and D(t), respectively. Computing equilibrium states of the model described by the two systems of equations (S10) and
(S11) boils down to solving the values of A and D from the following set of equations:

Am
Y H ~ —pa )‘I
S o — 1
A kol oxp( )/0 (1—3(a)) e da+N

1) . -
~ OlM@invE‘tot + PrArL
D= 2
1)
in which ®;,,, and Fyo refer to the equilibrium values of ®(t) and E.(t), respectively, that are given by:

- 1 —exp (75')

e 1-— exp (—Etotg)

Am

" /'LN I ~ ~ —pa
By = —— P E (3, 1- d

ot = T op(—piAm) /O ( p(a)) (1—-35(a))e a
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with E(X,$(a)) and S being equal to:

and G representing the equilibrium value of GG, which is related to D by:

~ L
G=n(1-(21
D
Given a constant parasite diversity D and force of infection A, the cumulative number of genes encountered by hosts of age a in
an equilibrium state can then be derived by solving the PDE (S8), resulting in:

. GAD G
P(a) = Gt oD (1 — exp (— (D —|—5> a))

which results in an explicit expression for the fraction of the genes encountered by a host up to age a:

_ GA GA
pla) = M(l - exp<—<D +5)a>)

Such an explicit expression can not be derived for the fraction of susceptible hosts of age a, 5(a), which can therefore only be
computed by numerically integrating the ordinary differential equation (ODE):

di(;) — R\ p(a)) (1 — 5(a)) — (1 ﬂa(a)@) 5(a), with 5(0) = 1
in which R(},f(a)) is given by:
i (1- 7)) A
R(\, p(a)) =

exp (coé (1—p(a)) (1 - ﬁ(a)é) x) —1

To compute the integrals in the preceding conditions determining the steady state of the immune memory-structured
SI-model we follow the approach introduced by Kirkilionis et al. (6) to numerically evaluate these integrals by means of
numerical integration of a system of ODEs. To that end, define the following age-dependent quantities.

A(a) = kom /0 (1—35(8)) e " de
M@ = g / E (R, 5(6)) (1 - 5(6) e de
N6 = ot ) HO

Differentiating the right-hand sides of these expressions with respect to a results in the following system of ODEs:

dA—k 0

at _ —3 —pa
da 07— exp(—pAm) 1=5(a)) e

dit w ~ —ua
da = T=exp(—pudn)P@°

17 with initial conditions A(0) = A(0) = II(0) = 0.
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Summarizing, the steady-state of the immune memory-structured SI model defined by the two systems of equations (S10)
and (S11) is determined by the conditions:

_ A
A= AAn) + N

G(G —1) TI(A,)
S (e () ) 2 o

I1(Am)
5 (1 exp (_A(Am)(ln(Am))@))

This system of non-linear equations has to be solved iteratively using a Newton method, whereby each computation of the
right-hand side of this condition requires numerical integration of the following system of ODEs:

95— ROpta)) (1 - 5(@) — (1~ 50)%) Xs(a) S0 - 1

A —35(a))e M _

da kol_exp(_u,qm) (1= 5(a)) A(0) = 0 .
= Ty PO Ala) (1 = s(a)) A(0) = 0

@ = T (o) = 0

in which G, p(a), R(A,5(a)) and E(X, p(a)) are defined as:
G D <1 - ([3[)1)L>
p(a) = G:\Cf\(ﬂa(l — exp < <%;\+5) a>)
(1 - p(a)@) X [S14]
exp (coé (1 - p(a)) (1 - ﬁ(a)é> X) —1
) co (1 = p(a)) (1 fﬁ(a)é) 5
1= exp (—u (1= p(a)) (1- (@) 3)

Disease invasion into closed populations. Our model represents an open system in which there is a contribution to the force of
infection from outside the system through immigration, which we consider the most realistic setup for local malaria dynamics.
Because of this immigration the diversity never drops below a minimum level even at very low transmission intensity, which in
turn allowed us to make the simplifying assumption of a constant loss rate of pathogen genes. In the absence of any immigration,
however, the constant loss rate of diversity would imply that diversity approaches 0, which is biologically unrealistic as on
invasion into a disease-free population the pathogen would be characterized by a given value of distinct antigenic-encoding genes
(which should at least be one, and could be up to L). To explore the invasion of the pathogen into a disease-free population
that is closed to any immigration, we therefore would have to reformulate the model to ensure that the diversity of pathogen
genes never drops below some threshold value, which can be achieved by replacing the constant, per-gene loss rate of diversity
6 with the diversity-dependent loss rate:

d exp (1 __D ) [S15]
in which the parameter D,,;, > 1 is a minimum value of diversity. The differential equation describing the dynamics of the
parasite diversity D would in this case be

where we have dropped the immigration term as we assume A; = 0.

This modified model exhibits the classical pattern of a stable, disease-free equilibrium at low transmission intensity (low
values of the contact rate ko), exchanging stability with an endemic equilibrium with low diversity and prevalence when
transmission intensity increases, which is the standard scenario of disease invasion typically associated with studies of Ry (see
Fig S5 and S6). Importantly, though, the bistability and the associated saddle-node bifurcation that occurs when transmission
intensity is sufficiently high, is unaffected by this change in model structure. Figure S6 shows that the exact position of the
transcritical bifurcation where invasion of the pathogen into the disease-free equilibrium becomes possible (i.e. where Ro = 1)
depends on the minimum value Dy,in.

Eiot(t) — 0D exp (1 — DD_ ) [S16]
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A simplified, ordinary differential equation model

If we assume that p(t, a), the fraction of diversity encountered by an individual of age a, is constant, the model equations (S10)
and (S11) can be significantly simplified. More specifically, let’s assume that

p(t,a)=p

with p a parameter value. As a consequence also p(t) is constant and equal to p. The PDE for P(t,a) in equations (S10) can be
dropped entirely. Furthermore, assume that there is no limit to the lifespan of host individuals such that A,, = co and define

I(t) = / (1—s(t,a)) ue " da
0

as the fraction of infected individuals in the entire population. The integrals in the expressions for A(¢t) and Fio:(t) in
equations (S10) can then be written in terms of I(¢), while the PDE for s(¢,a) can be rewritten as an ODE for I(¢):
ar _d [~ -
=== 1—s(t He g
&~ dt ), (1= s(t,a)) pe™"" da

= /0 %ueﬂm da — R(/\(t))/0 (1—s(t,a)) ue ** da + (1 —pG) /\(t)/o s(t,a)ue " da

= —us(t,0) + /L/ s(t,a)ue " da — R(A(t))I(t) + (1 - pG) At) (1 —1(t))

= (1=p%) A(®) (1 = 1(t) = RAD)I() — pI (D)

The unstructured model that is analogous to the model in equations (S10) is hence given by the following equations:

(1-p®) x

R = e =p =@y =1
coG(t) (1 —p) (1—pD) A
Brort) = 1= 0 (“eolG(0) (1 —p) (1 = po®) A)I(t)N [S17]
B P
=T wew
1—e 50
Diny(t) = 1 — e—Etot(1)S(t)
ar

&= (1=p5) A (1= 1) = RO@)I(1) - I (1)

% = (a% + mutation)®in, (t) Fiot(t) — 6D(t) + PrArL

a

where s(¢,0) = 1 has been used in the derivation of the ODE for I(t) (since no individuals are born infectious). As default
parameter values the same parameter values are used as for the immune memory-structured model. The only additional
parameter in the ODE model is p, the fraction of the diversity that individuals have encountered already and are hence immune
to.

We used the R package “deBif” (7) to numerically compute equilibrium curves of the simplified malaria model in terms
of ordinary differential equations as function of model parameters and to compute the regions in parameter space where
alternative stable states occur (see Figure S3).

8 of 17 André M. de Roos, Qixin He and Mercedes Pascual



151

152
153
154
155
156
157
158
159
160
161
162
163
164
165
166

167

168

169

170

171

172

173

174

175

176

177

178

Choice of parameter values

The range of values of the contact rate ko in the bifurcation analysis was chosen to encompass values of the force of infection
consistent with those reported in the literature for fitted malaria models (1) and for measurements of the entomological
inoculation rate, EIR, from high to low transmission regions.

The value of ¢p was estimated to be consistent with a duration of infection of about 1 year and the number of var genes in a
single infection, given their sequential expression.

The rate of increase in diversity due to immigration is given in our model by PrA;L. We adopted the default values
Ar = 1000 and P; = 5 x 107° so that if the force of infection is of the order 1, immigration would be responsible for about 10%
of the infections, at the default host population size of N = 10000. We varied the probability P; above and below that value.

The mitotic recombination rate per gene within a parasite, o, was estimated from the in vitro experiments in (8)

The death rate of an average gene in the gene pool (or the inverse of lifespan of a gene), §, was estimated by adapting
a set of equations derived from population genetics in a system of negative frequency-dependent selection (NFDS) (9). In
population genetics, processes are usually measured in units of the product of population size and generation time so that they
can be more easily generalized. In transmission dynamics, the generation time of individual parasites can be approximated by
(1/ko)/2, because approximately one transmission event and one death event occur for a parasite during the period of 1/ko,
resulting in twice of the variance compared to a standard Wright-Fisher model. Thus, recombination events in the system per
generation occur at the rate of

G(G—1) 2
TEtot(t)E

NFEDS per generation in units of total infections is given by the selective advantage of a new gene (Eq. 4 in (5)) times the
number of total infections,

M(t) = aPiny (t)

___pr
(1—p)G(t)

We further denote the mean frequency of a gene under balancing selection (from NFDS) as f(t). At equilibrium, the
evolution of genes should be at the mutation-selection-drift balance, which satisfies the following equation (see Eq. 4 in (9)):

B(p,t) = S(t) Evor(t) = Eror(t)

mf(t)
B(p,t)

An expression for f(t) can be solved using the above equation given a fixed fraction p of genes already seen by the hosts.
Using a diffusion approximation, we can then compute the average lifespan of a gene in years given a starting frequency of f(t)
(modified from Eq. 6 in (9)):

2M (t) exp(B(p,t) f(t))

V2 2
B0 Vo

ko
Assuming an Ey,; of 10,000, ko varying from 60 to 200, p from 0.1 to 0.9, and a value of o of 6.8 - 1075, the lifespan of a
gene is roughly of the order of 10 years (7-17 years). On this basis, we chose a fixed § value of 0.1 in the model.
Finally, we considered a length L = 20. This value was meant to represent the order of magnitude of the number of var
genes in the genome of P. falciparum while allowing for some of the genes not being expressed and retained in immune memory.

T(f(t),p) =

André M. de Roos, Qixin He and Mercedes Pascual 9 of 17
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and the force of infection in the stable equilibrium states observed for different values of the transmission potential when the probability that immigration of infected hosts leads
to an increase in the parasite diversity is twice its default value (Pr = 1.0 - 10~ % instead of P; = 5.0 - 10~°.
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Fig. S2. Age-dependent development of the number of infections (top) that individuals carry, the fraction of the total parasite gene pool they have previously encountered
(middle) and the fraction of individuals that are infected at any given time (bottom) in the low- (solid lines) and high-prevalence equilibrium (dashed line) at a transmission
potential equal to ko = 100 (cf. Figure 1 in the main text).
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Fig. S3. Equilibrium states of the simplified malaria model in terms of ordinary differential equations Eq. (S17) as a function of the transmission potential for P; = 5 - 107°
(top-left) and for P; = 2 - 10~° (bottom-left). Right: Parameter domain (grey) for which alternative stable equilibrium states occur in the simplified malaria model in terms of
ordinary differential equations Eq. (S17) as a function of the probability that an immigration event leads to the introduction of a new parasite gene (parameterized in the model
by Pr) and the transmission potential, the contact rate parameter k.
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Fig. S4. Combinations of the fraction of infected individuals to be cured and the reduction in diversity that is required to change the population from the high-prevalence state
to the low-prevalence state for transmission intensities ko = 40, 70 and 100 (A-C, respectively) in the simplified malaria model in terms of ordinary differential equations
Eq. (S17) when the probability that an immigration event leads to the introduction of a new parasite gene, P;, equals 2 - 10° (see Figure S3, bottom-left). Right: Changes in
the contact rate ko (t) (D), parasite gene pool diversity (E) and the fraction of the individuals that are infected (F) following a temporary and transient reduction in transmission
potential, described by the time-dependent function ko (t) = 100 ((t — 10)/71)* /(1 4+ ((t — 10)/74)%).
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Fig. S5. Equilibrium states of the malaria model as a function of the transmission potential, the contact rate parameter ko, for a closed population (no immigration: A\; = 0,
P = 0), in which the specific turn-over rate of pathogen genes is diversity-dependent and equal to 6 exp(1 — D /D,y in ) With Dy, i, = 20. Solid and dashed lines refer to
stable and unstable equilibrium states, respectively. The location of the tipping point (saddle-node bifurcation point) is marked as LP. Transcritical bifurcation points satisfying
the condition Rp = 1 are invisible because of the logarithmic scale of the y-axes (see Fig. S6).
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Fig. S6. Fraction of infected hosts in the equilibrium state of the malaria model as a function of the transmission potential, the contact rate parameter kg, for a closed population
(no immigration: Ay = 0, Pr = 0), in which the specific turn-over rate of pathogen genes is diversity-dependent and equal to § exp(1 — D /D, ) for different values of
D,.in- The locations of the transcritical bifurcation point satisfying the condition Ro = 1 are marked as BP. Because of the scaling of the y-axes only the stable, low-diversity
equilibrium is visible.
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Table S1. Model parameters for the simplified ODE model.

Parameter | Value Parameter | Value | Parameter | Value

N 10000 ko 100 co 0.02

“w 0.02 L 20.0 P 0.9

) 0.1 A1 1000 Pr 5.0-10-°
« 6.8-107°
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